Cryptocurrencies are increasingly popular digital assets/cashes programmed to work as a medium of exchange that are "secure" by design (e.g., through block-chains and cryptography). The year 2017 saw the rise and fall of the cryptocurrency market, followed by high volatility in the price of each cryptocurrency. In this work, we study critical transitions in cryptocurrency residuals through the phenomenon of critical slowing down. We find that, regardless of the specific cryptocurrency or rolling window size, the autocorrelation always fluctuates around a high value and the standard deviation increases monotonically. In particular, we have detected two sudden jumps in the standard deviation, in the second quarter of 2017 and at the beginning of 2018, suggesting early warning signals of two majors price collapse that have happened in those periods. Our findings represent a first step towards a better diagnostic of the risk of critical transition in the price and/or volume of cryptocurrencies.
Introduction
A cryptocurrency is a digital asset/cash designed to work as a medium of exchange that uses cryptography to secure its transactions, control the creation of additional units, and verify the transfer 1, 2 . The blockchain is used to store an online ledger of all the transactions and can be copied across all nodes 3, 4 . With this public ledger, every user of a cryptocurrency can record and verify their own transactions and the transactions of everyone else simultaneously. Within a cryptocurrency system, the safety, integrity, and balance of ledgers are maintained by a community of mutually distrustful parties called 'miners'. Miners are members of the general public who use their computers to help validate and timestamp transactions, adding them to the ledger in accordance with a particular timestamping scheme.
Cryptocurrencies have been designed as a decentralized type of currency (i.e., not issued by any central authority) that is theoretically immune to government interference or manipulation. Moreover, many of the cryptocurrencies or tokens aspire to be quicker, cheaper and more reliable than our regular government-issued money, rendering the transactions efficient, permanent, secure, anonymous or/and transparent, depending on the type of underlying techonology 5 . The transfers are facilitated through the use of public and private keys for security purpose. A decentralized cryptocurrency works through a blockchain functioning as a distributed ledger, so it allows users to avoid the steep fee charged by most banks and financial institutions 6 .
The first and most renown cryptocurrency to the public is Bitcoin (BTC) 7 , which was launched in 2009 by an individual/group known under the pseudonym Satoshi Nakamoto 8 . Now, over 100,000 merchants and vendors accept BTC as payment and there are 2.9 to 5.8 million unique users with a BTC wallet 9 . The success has spawned a number of competing cryptocurrencies, such as Ethereum (ETH), Ripple (XPR), Litecoin (LTC), Stellar (XLM) and NEM (XEM) 1, 10, 11 . All cryptocurrencies adopt a similar technology, based on blockchain, public ledger and reward mechanism, but they typically live on isolated transaction networks.
Recently, ElBahrawy et al. 12 have shown that the dynamics of the cryptocurrencies volumes can be described using the language of ecology, through the so called Neutral Theory of Ecology [13] [14] [15] . In particular one can think to the cryptocurrency market as an ecosystem, where the different cryptocurrencies are different species, whose abundance is given by total market capitalization. In this way, ElBahrawy et al. show that the number of species in the crypto ecosystem is stationary, fluctuating around S=600. Moreover, they show that there are emergent properties of the cryptocurrency dynamics that display properties similar to those of ecosystems, such as the exponent of the market share distribution, the linear behavior of the turnover profile of the dominant cryptocurrencies, the average occupancy time of any given rank in the market capitalization of the cryptocurrencies, and the linear decrease of the dominant cryptocurrency. These results show that the random drift and the creation at random times of new cryptocurrencies (speciation) are main driver processes behind the emergence of the patterns when looking at the entire crypto ecosystems. In this work, we would like to focus on the dynamics of some specific crypto species and analyze critical transitions in cryptocurrency prices.
Indeed, early warning signs of critical transitions have been extensively developed to study species extinction, or sudden shifts in their populations [16] [17] [18] [19] [20] . One of the commonly used indicators is based on Critical Slowing Down (CSD) phenomenon 16, 18, 21, 22 . If the system's dynamics approach a bifurcation point (or 'tipping point'), the dominant eigenvalue characterizing the rates of return to equilibrium after a 'small' displacement tends to zero. CSD is associated with an increase in the lag-1 autocorrelation (AR1) and -in systems driven by additive noise -in the standard deviation (Std) of the fluctuations. When the underlying non-linear dynamics of complex systems are not known, this theory can be used to detect the proximity of a system to a critical point 23 . Several empirical studies have demonstrated how this method can be successfully applied to a variety of dynamical systems, including climatic transitions 23, 24 , financial markets 25, 26 , ecosystems 19, 20, 27 and brain epileptic seizures 28 . In this paper, we consider the daily close price of cryptocurrencies and investigate their susceptibility to critical transitions and risk of collapse. 
Result

Market description and time series of residuals
Our analysis focuses on the evolution of prices ( Fig. 1 A) and residuals ( Fig. 1 B) 
Leading indicators
To characterize the leading indicators of these cryptocurrencies, we calculate the autocorrelation at lag 1 (AR1) and standard deviation (Std) of the residuals time series (see Method) with respect to both large (half the size of residuals time series 16 , 410 days) and small (60 days) rolling windows. Figs. 2 and 3 are the summary of our analysis. The large rolling window analysis provides useful information on general trends, while the small rolling window analysis is more detailed and can be used to detect sudden changes.
CSD for large rolling window
The AR1 of the residual time series of each cryptocurrency displays high values (around 0.8) during all the analyzed period ( Fig. 2 A) . There are two extreme shocks at the second quarter of 2017 and the beginning of 2018 (highlighted by the red rounded rectangles), especially for XRP and XEM, respectively. Our analysis also shows an almost monotonical increase in the Std of each cryptocurrency (Fig. 2 B) . In particular, we detect two sudden jumps of the Std time series 
CSD for small rolling window
Small rolling windows confirm the trend observed using the large rolling window (Fig. 3) . Although AR1 of each cryptocurrency has higher fluctuations than in the previous case, the two main deviations during the second quarter of 2017 and the beginning of 2018 (denoted by the red rounded rectangles) are still present. Similarly, the Std also shows strong fluctuations, but on average an increasing trend is observed and the two sudden jumps observed previously. Using smaller rolling windows reveals more details on the fluctuations of the price residuals than what previously observed. In fact, we can actually see that in 2016, although highly fluctuating, the AR1 displays on average a statistically significant decreasing trend, while starting from 2017 the slope change of sign and it starts to increase on average. On the other hand, looking at the Std, we can detect two further sudden changes in in March 2018. While BTC never displays strong jumps, starting from 2017 it shows a stable increase in the Std. 
Discussion
Overall, independently of the length of the rolling windows, both CDS indicators suggest that the risk for the analyzed cryptocurrency to undergo critical transition started to increase in early 2017, and that in particular to major shifts have occurred during second quarter of 2017 (in) and at the beginning of 2018 for almost all of the major cryptocurrencies (in particular XEM). Indeed, a look at changes in the cryptocurrency market shows that the second quarter of 2017 has been a first period of exponential growth of price and market capitalization. For instance, LTC increased 10 times in price (from 6.5$ to 60$) and 10 times in market capitalization (from 3×10 8 $ to 3×10 9 $) from the end of March 2017 to the end of August 2017; a similar pattern can be found in DASH (from 70$ to 360$ in price and from 5×10 8 $ to 2.5×10 9 $ in market capitalization) 31 . More impressively during the end of 2017 there has been a steep exponential increase in price of all major crypto, followed by a≈40% loss during the first month of 2018 31 . In particular at the end of January 2018 XEM was affected by the biggest hack in the history of the technology (approximate $533 million in XEM stolen), with important consequence on the XEM price drop in the following weeks (it lost about 80% of its value in few weeks). All these factors are reflected in very large fluctuations in the AR1 and in big jumps in the Std. An interesting result is that in March 2018, the Std rapidly decreased to the value it had before the occurrence of the shock at the beginning of 2018. This observed reduction in price fluctuations preceded a steady increase in BTC price (a ≈30% increase in April). Because BTC is the leading cryptocurrency with the largest market capitalization, the price behaviors of other cryptocurrencies are somehow driven by BTC. We will quantitatively tackle this problem in a future work.
Other studies have investigated indicator for cryptocurrency bubble. In particulars, building on the peer to peer Bitcoin transaction networks, price fluctuations have been correlated with the network structure. Kondor et al. 32 showed using principal component analysis a how structural changes accompany significant changes in the market price of BTC.
Similarly Bovet et al. 33 found the abundance of certain triadic motifs in the network may be used as early-warning signal for topological collapse of BTC transaction network. In this paper, we have investigated the CSD indicators of six representative cryptocurrencies between Jan 1st 2016 and Mar 31st 2018. The gradual change of some underlying conditions may lead to a system closer to a critical point causing a loss of resilience, with smaller perturbations being able to induce a shift to the alternative state 16, 18, 21, 22 . CSD indicates that the system is approaching this critical point, and thus its return time to equilibrium upon a small system perturbation strongly increases. With consequent increase of the AR1 and the Std, acting as an early warning of the critical transition. Even when the underlying dynamics of the complex system are unknown or limited time series are available, the early warning signatures still exist, and the leading indicators can be used to detect critical points before they shift the state. A large number of studies have now demonstrated the potential application of these leading indicators as warning signs of increased risk for upcoming state transitions. But increasing AR1
or/and Std cannot guarantee that the system approaches the critical point 34, 35 . In general, the loss of the system's tendency to return to its equilibrium may cause it to simply undergo stochastic perturbations. For all cryptocurrencies, the AR1 was found to fluctuate around high values and Std exhibited a tendency to increase throughout the study period independently of the size of the rolling window. Early warning signs of a collapse in these cryptocurrencies can be found in two sudden steps in the second quarter of 2017 and the beginning of 2018. Predicting when the catastrophe will strike remains a highly challenging problem, but our findings represent a first step towards a better understanding and prediction the risk of the cryptocurrency.
Methods Data
The daily (close) prices of cryptocurrencies are downloaded from the Website Coin Market Cap 31 . We just consider the most important cryptocurrencies that were active in the period from Jan 1st 2016 to Mar 31st 2018. These cryptocurrencies include Bitcoin (BTC), Ripple (XPR), Litecoin (LTC), Stellar (XLM) and NEM (XEM) and DASH (DASH).
Log-transform
There are some zero and extreme values in the price time series of each cryptocurrency, some preprocessing is warranted. Here, we log-transform it by log(z+1), where z is the price time series of each cryptocurrency. This step does not influence the sensitivity of early warnings because it does not change the distribution of the original data 16 .
Filtering-detrending
We adopt a Gaussian filter to remove trends and filter out the high frequencies 16, 23 . Detrending was motivated by the fact that time series with strong trends or periodicities tend to exhibit a strong correlation structure, which would affect the use of AR1 as leading indicator of critical transitions. Likewise, high-frequency fluctuations can cause spurious indications of impending transitions. When applying the filter, care was taken to not overfit or filter out the slow dynamics embedded in the time series. Therefore, we set the radius of Gaussian filter equal to 30 days. on the time series with the null hypothesis that it is unit root and the alternative hypothesis is that the time series is stationary. Smaller p-value are associated with higher probability that the tested time series is stationary. By contrast, the KPSS test is actually a stationarity test, meaning that the null hypothesis is that the time series is stationary.
Stationarity test
Critical slowing down detection
Several leading indicators, such as autocorrelation at lag 1 (AR1) and standard deviation (Std) have been proposed
as early warning signals to detect the proximity of a system to a critical point. An increase in AR1 indicates that the state of the system has become increasingly similar between consecutive observations and it is given by 
AR E x x
where  is mean and  is standard deviation of the variable t x . If a system 8 approaches a critical point, its return rates back to a stable state will slow down. Therefore, the Std, namely 
SD x n
, will increase prior to the transition.
Procedure summary
For the original price time series of each cryptocurrency, the procedure followed to predict the critical point includes the following steps:
Step 1. Log-transformation of the price time series
Step 2. Application of a Gaussian filter to obtain the residuals time series
Step 3. Checking the stationarity of the residuals time series. If so, go to next step.
Step 4. Setting a small and large window respectively, and then calculating the AR1 and Std. If the system approximates to the critical point, the AR1 and Std will both increase.
